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Abstract

Reconstruction of cross-cut shredded text documents (RCCSTD) has impor-
tant applications for information security and judicial evidence collection.
The traditional method of manual construction is a very time-consuming
task, so the use of computer-assisted efficient reconstruction is a crucial
research topic. Fragment consensus information extraction and fragment
pair compatibility measurement are two fundamental processes in RCCSTD.
Due to the limitations of the existing classical methods of these two steps,
only documents with specific structures or characteristics can be spliced,
and pairing error is larger when the cutting is more fine-grained. In or-
der to reconstruct the fragments more effectively, this paper improves the
extraction method for consensus information and constructs a new global
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pairwise compatibility measurement model based on the extreme learning
machine algorithm. The purpose of the algorithm’s design is to exploit all
available information and computationally suggest matches to increase the
algorithm’s ability to discriminate between data in various complex situa-
tions, then find the best neighbor of each fragment for splicing according to
pairwise compatibility. The overall performance of our approach in several
practical experiments is illustrated. The results indicate that the matching
accuracy of the proposed algorithm is better than that of the previously pub-
lished classical algorithms and still ensures a higher matching accuracy in the
noisy datasets, which can provide a feasible method for RCCSTD intelligent
systems in real scenarios.

Keywords: Reconstruction of cross-cut shredded text documents
(RCCSTD), extreme learning machine algorithm, consensus information,
pairwise compatibility measurement model

1. Introduction

Shredding sensitive documents is a common way to destroy evidence.
Therefore, reconstruction of shredded paper is a crucial task in the field of
forensic evidence. It has also been successfully applied in the fields of military
intelligence acquisition and archaeology. The structure or characteristics of5

the fragments after documents are shredded because the edge information
of the pixels in the text is reduced. The conventional manual reconstruc-
tion method is difficult and time-consuming Heingartner (2003). Therefore,
efficient and accurate automatic computer-assisted reconstruction is desired.

Reconstructing shredded documents requires a large number of fragments10

to be spliced together without any prior information. For example, in some
scenarios, the words and symbols in the fragments are unknown, and it is un-
known how many rows and columns the document has been cut into. In the
field of document reconstruction, different reconstruction methods are used
for different types of shredding. Document reconstruction has been divided15

into three kinds of related problems according to the following three shred-
ding methods. The first is hand-torn documents (HTD) which have irregular
boundaries that have unique geometric texture information (see Fig. 1(a))
that can be matched by local geometric texture curves Zhu et al. (2007). The
second is the strip shredded text documents (SSTD), which are evenly cut by20

a shredder and produce the strip fragment (see Fig. 1(b)). Existing research
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has obtained good reconstruction results with strip shredded documents Lin
& Fan-Chiang (2012); Ukovich et al. (2004). The third is the cross-cut shred-
ded text documents (CCSTD), which are produced by the shredder making
even horizontal and vertical cuts. Due to the fragments being cut smaller,25

it is difficult to obtain useful edge pixel feature information (see Fig. 1(c)).
This paper mainly focuses on finding a feasible solution for the Reconstruc-
tion of cross-cut shredded text documents (RCCSTD) Biesinger et al.; Gong
et al. (2016); Chen et al. (2019) problem.

(a) Hand-torn documents (b) Strip shredded text doc-
uments

(c) Cross-cut shredded doc-
uments

Figure 1: Three different methods of shredding

Early research has made good progress on the reconstruction of strip30

shredded text documents (RSSTD) Ukovich et al. (2004); Prandtstetter &
Raidl (2008); Lin & Fan-Chiang (2012), but these methods cannot recon-
struct the document when the cutting is more fine-grained. Prandtstetter
& Raidl (2008) proposed a novel approach to RSSTD. In this approach,
the combination problem of fragments is defined as a cost function, and the35

traveling salesman problem (TSP) is used to find the least cost combination
to obtain the correct splicing. Based on this work, many researchers have
transformed the RCCSTD problem into a TSP.

Wang & Ji (2014) proposed a two-step strategy. The first step classifies
the fragments of the same row by using a clustering algorithm to narrow40

the scope of the paired search. The second step reconstructs the rows of
the document and then stitches the rows to restore the document. This is
a viable solution, but it is difficult to guarantee the accuracy of the pairing.
Xu et al. (2014) presented a feature-matching algorithm based on charac-
ter recognition using a database of the letters. Like the two-step strategy,45

3



this method reconstructs the shredded document by row clustering, intra-row
splicing, and inter-row splicing. This method improves the matching accu-
racy by classifying the fragments in different rows and reducing the range
of matching search. Chen et al. (2019) improved the clustering method by
using horizontal projection and the constrained seed K-means algorithm.50

However, this method is dependent on the row features of the text in each
fragment, and you must know the first fragment of each row as the initial-
ization center of the cluster, which leads to limitations in the algorithm. For
example, when a document is cut into more fragments, the number of frag-
ments with white edges will increase, and it is impossible to know how many55

rows the document was cut into. In this case, the clustering-based splicing
method is disadvantageous. Different from the two-step strategy, Gong et al.
(2016) proposed a two-dimensional TSP reconstruction method, which de-
fines a comprehensive cost function for global optimization. However, when
the number of fragments increases, there is less pixel information available at60

the edge of the fragments. The comprehensive cost function is prone to un-
controllable degradation, which leads to the deterioration of the accuracy of
paired matching. Sleit et al. (2013) defined a new cost function, which mainly
relies on black pixels to measure the cost of pairing two fragments together.
However, this method is sensitive to cost function in complex datasets, result-65

ing in low splicing accuracy. Paixão et al. (2019), while exploring character
shapes as visual features for compatibility computation, proposed a training
scheme based on digitally simulated document shredding from a well-known
OCR database. However, this method cannot complete the restoration of
documents without prior information. Many examples in real life, such as70

patterns or symbols in cultural relics, do not have prior information.
There are three methods for solving the RCCSTD problem as follows:

1) Two-stage: In the first step, the fragments of different rows are clas-
sified by the clustering algorithm. Then each row is reconstructed by
the TSP problem. The second step uses feature matching to merge the75

reconstructed fragments. This is currently the most commonly used
method to solve the RCCSTD Wang & Ji (2014); Xu et al. (2014);
Chen et al. (2019). However, because the clustering algorithm relies
too much on the row distribution features, the scope of application is
limited, and the error of the cluster will further affect the accuracy of80

the row reconstruction so that the global error increases.

2) Comprehensive cost function: This method considers RCCSTD to be
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a two-dimensional TSP problem that uses the idea based on the square
jigsaw puzzle approach Freeman & Garder (1964) to find the optimal
combination problem through the comprehensive global cost function85

Gong et al. (2016). Since RCCSTD is significantly different from typ-
ical puzzle problems, the splicing accuracy of the algorithm decreases
rapidly with an increase in the number of fragments, and it is unable
to deal with the situation of missing fragments.

3) Matching cost: A cost function is defined to measure the cost of pairing90

two fragments together Sleit et al. (2013); Ranca (2013). Only the edge
pixel features are considered, and the interior features of fragments are
not fully used. This kind of method is sensitive to the cost function
and cannot be used in scenes when the cutting is more fine-grained.

Fragment consensus information extraction and fragment pair compat-95

ibility measurement are two fundamental processes in RCCSTD solutions.
Existing works adopt some general methods in these two processes, but there
are limitations in their use since they ignore the specific structure or char-
acteristics of the RCCSTD. Therefore, in this paper, we propose a new con-
sensus information extraction method and construct a new global pairwise100

compatibility measurement model based on the extreme learning machine
algorithm. The structure of the RCCSTD problem in real scenarios is con-
sidered comprehensively. The comprehensive consensus information includes
the edge pixel feature of the fragment and the text distribution feature inside
the fragment, which increases the algorithm’s ability to discriminate between105

the unmatched fragments. A single hidden layer feedforward neural network
is used to predict the expected matching edge of the fragment and to eval-
uate the overall difference from the fragment to be matched. When each
element in a pair independently thinks that the other element is its most
likely match, it prefers matching in pairs, which is called “Best Buddies”110

Dekel et al. (2015). The advantage of using neural networks in compatibil-
ity measurement is that by randomly mapping the one-dimensional discrete
features of debris into high-dimensional space, the independence of sample
features is guaranteed, and the dispersion degree of data increases, so that
the data have a higher discrimination degree on the projected dimension. Ex-115

treme learning machines are feedforward neural networks for feature learning
with a single layer or multiple layers of hidden nodes (Huang et al. (2004)).
The weights from the input layer to the hidden layer are randomly deter-
mined once and do not need to be adjusted during the training. The weights
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from the hidden layer to the output layer only need to be determined by120

solving a linear simultaneous equation, which can converge rapidly on a few
samples.

In a real scene, the shredder is prone to producing uncontrollable edge
noise in the process of cutting, which makes the algorithm’s requirements
during the splicing process more demanding. In some individual cases, man-125

ual splicing still makes it difficult to avoid the occurrence of errors, and
it is difficult to distinguish between the correct match (see Fig. 2(a)) and
the wrong match (see Fig. 2(b)). When the document is cut into more
fragments, this special case can more easily happen. Different from manual
splicing, computer-aided semi-auto splicing usually regards splicing work as130

the optimal problem of finding a combination of fragments. However, the
previous methods usually do not consider the fault-tolerant mechanism of
splicing. When a pairing error occurs, the wrong pairing can only be cor-
rected by manual search. In the splicing based on the TSP strategy, even a
single mismatch can cause a global mismatch, and the superposition of errors135

leads to an increase in the number of manual interventions, which reduces
splicing efficiency. In order to solve this complex situation, our model estab-
lishes a candidate set for each erroneous fragment. This effectively assists in
the manual correction of error splicing and analyzes the effectiveness of the
candidate strategy through experiments.140

The main novelties of this paper are as follows:

1) Comprehensive consensus information is used to improve the ability
of the algorithm to discriminate between the data. At the same time,
the edge pixel information and the edge distribution information of the
text are considered, and all available information is used for suggestion145

matching so that the algorithm can be applied to the restoration of
all types of documents.

2) A pairing compatibility measurement model based on the extreme
learning machine algorithm is proposed. This model improves pairing
accuracy and solves the problem of too much sensitivity to abnormal150

edge pixels in compatibility measurement.

3) The greedy strategy is used to combine all the pairing information and
get the correct line sequence by continuously looping and adjusting.

4) In the process of manual error correction, candidate matching sets are
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used to improve the efficiency of error correction and greatly reduce155

the amount of manual feedback required.

(a) (b)

Figure 2: A special case: It is difficult to distinguish the splicing right (a) or wrong (b)

The remainder of the paper is organized as follows. The formal model of
RCCSTD is defined in Section 2 and a detailed solution is given. Section 3
provides and discusses the experimental results in detail. Finally, this paper
is concluded in Section 4.160

2. Methodology

In this section, we describe in detail the definition of the RCCSTD prob-
lem, the specific extraction method of the consensus information, and how to
use the consensus information to calculate the matching compatibility score.

2.1. Definition of problem165

The definition of the RCSSTD problem is similar to the definition of the
jigsaw puzzle approaches Chen et al. (2019). Gong et al. (2016) present
a formal problem description of RCCSTD as a combinatorial optimization
problem based on Prandtstetter (2009). Given that the shape and direction
of the paper fragments are known, a given number of document fragments170

is (N × M); each fragment has a unique number, and the number of all
fragments can be defined as a two-dimensional matrix S. The location of
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the fragments in the matrix S is the only unknown. The purpose of the
algorithm is to construct a matrix corresponding to the original document.

The RGB color model is a common form of image storage in computers, in
which red, green and blue light are added together. Given that the document
is usually composed of white background and black text, in order to avoid
unnecessary calculation, it is common to convert the shredded picture into the
form of grayscale. We obtain image edge features by extracting image edge
pixels. For each fragment, Si

l and Si
r are used to represent the left edge and

right edge pixel vectors of the ith fragment, respectively. The mathematical
representation is as follows:

Si
l =

[
xl
1, x

l
2, x

l
3, · · · , x

l
h

]
, xl

i ∈ [0, 255] , 1 ≤ i ≥ h,

Si
r = [xr

1, x
r
2, x

r
3, · · · , x

r
h] , xl

i ∈ [0, 255] , 1 ≤ i ≥ h,
(1)

where h is the edge length of the picture.175

2.2. Image enhancement (IE) and consensus information

The number and distribution of black pixels at the edges is crucial to
the splicing results in the process of splicing fragments. During the recon-
structing process, we analyzed the error cases, which can be summarized as
follows:180

1) When the text or symbol in the document is cut, and the position of
cutting is unpredictable, the pixels of the edges corresponding to the
correctly matched fragments are not one-to-one (see Fig. 3). If the
effective pixels of the edge used for pairing are not enough to reflect
the compatibility of pairing, a splicing error can easily occur.185

2) Because algorithms usually only rely on the edge pixel features of the
fragment to splice, it is easy to ignore the useful information provided
by the non-edge features.

In order to deal with this situation, two methods are used to extract con-
sensus information, one is to divide the pixel and extend the edge features,190

the other is to perform Gaussian filtering on the image to obtain the distri-
bution characteristics of the text at the edge. We shall discuss this in more
detail later. In our experiments, we will verified the effectiveness of these
two strategies.
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K
(a) (b) (c)

Figure 3: When the character “K” is randomly cut, the adjacent edge pixels of the fragment
being cut are not one-to-one.

2.2.1. Pixel division195

As the document is cut into more fragments, the structure of the edges
becomes more complex, and the edge of the fragment represents a white
pixel increase. In order to deal with these special cases, we propose a “cell
splitting” method to increase the information distribution of the edge pixels.
The edge matching of text mainly depends on the compatibility of black200

pixels. Improving neighbor consensus information can improve matching
accuracy. The process can be defined as:

S = [x1, x2, x3, · · · , xh] , xi ∈ [0, 255] , 1 ≤ i ≤ h,

S† =



x1, · · · , x1
︸ ︷︷ ︸

m

, x2, · · · , x2
︸ ︷︷ ︸

m

, · · · , xh, · · · , xh
︸ ︷︷ ︸

m

,



 , xi ∈ [0, 255] , 1 ≤ i ≤ h,

(2)
where h is the edge length of the picture, and m is the number of pixel
divisions, which is set as 3 in our experiments.

2.2.2. Text distribution feature205

In the previous splicing strategy Chen et al. (2019); Xu et al. (2014), it
is difficult to obtain correct pairing in a large number of fragments by only
considering the edges of the pixels. Therefore, the row features of the text in
the fragments are used as important information to classify different rows.
Gaussian smoothing is adopted to preprocess the image so that the effective210

information in the fragment is focused on the text in the fragment, and the
influence of the text information on the surrounding pixels is amplified. That
is, the color represented by the pixel closest to the text will be deepened,
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which enriches the useful information of the fragment. Fig. 4 shows the
effect of Gaussian filtering on the edge.215

S∗ = [x∗
1, x

∗
2, x

∗
3, · · · , x

∗
h] , xi ∈ [0, 255] , 1 ≤ i ≤ h, (3)

where h is the edge length of the picture and x∗
h is the edge pixel of the

processed fragment.

Figure 4: Gaussian convolution is used to enhance edge information

2.2.3. Extracting consensus information

After completing the steps in Section 2.2.1 and Section2.2.2, all the in-
formation needs to be combined to get the final consensus information. The220

final consensus information vector is defined as follows:

X =

{ [
S†, S∗

]
Plain text dataset with row features,

[
S†

]
Otherwise.

(4)

2.3. Pairwise-compatibility measurement model based on the extreme learning
machine algorithm

In the previous section, we completed the work of obtaining image edge
pixel consensus information. We can now propose a pairwise-compatibility225

measurement model (PCMM), which is an extremely fast learning algorithm
for the single hidden layer feedforward neural network based on the extreme
learning machine algorithm. The edge pixels of the fragments to be matched
are used to train the neural network (see Fig. 5). In order to unify data
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standards and improve the comparability of the data, all samples and labels230

need to be normalized by z-score Jain et al. (2005). the model is divided into
the following steps:

Step 1: Obtain the consensus information matrix X at the right edge of
the fragments to be matched by the method in Section 2.2.3 to serve as the
input of the neural network. The mathematical model of the standard single235

hidden layer feedforward neural network Jain et al. (1996) can be defined as:

Ñ∑

i=1

βig (wi · xj + bi) = ok, j = 1, · · · , N, k = 1, · · · , h (5)

where N is the number of neurons in the input layer; Ñ is the number of
neurons in the hidden layer; h is the edge length of the picture, andN > h; wi

is the weight vector connecting the ith hidden neuron and the input neurons;
βi is the weight vector connecting the ith hidden neuron and the output240

neurons, and bi is the threshold of the ith hidden neuron; wi ·xj denotes the
inner product of wi and xj. And g(x) represents an activation function.

The above Ñ equations can be formulated compactly as

Hβ = T (6)

H is called the hidden output matrix of the neural network, where

H (w1, · · · ,wÑ , b1, · · · , bÑ ,x1, · · · ,xN)

=






g (w1 · x1 + b1) · · · g (wÑ · x1 + bÑ)
... · · ·

...
g (w1 · xN + b1) · · · g (wÑ · xN + bÑ)






N×Ñ,N ̸=Ñ

(7)

The output weight β is the smallest norm leastsquares solution according
to the least square theory:245

β̂ = H†T (8)

where H† is represented as the Moore-Penrose generalized inverse of H (Li

et al. (2021)), and H† =
(
HTH

)−1
HT .

Step 2: Randomly initialize the input layer weights wi and bias bi.
Step 3: The edge pixel matrix of the fragments to be matched is normal-

ized by z-score and treated as the expected output vector T of the neural
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Figure 5: A self-supervised feature matching model for cross-cut shredded documents.
(1) The consensus information is extracted and normalized by z-score. (2) The degree of
difference between the prediction feature and matching feature is analyzed.

network, which is put into formula 9 to train to get the weight vector β∗ of
the output layer.

β∗ =

(

HTH +
1

C

)−1

HTT, (9)

whereH is called the hidden layer output matrix of the neural network Huang
& Babri (1998); C is the regularization coefficient, which is considered 1e5250

in the experiment.
Step 4: The consensus information vector of the left edge of each fragment

is taken as the input of the PCMM. The predicted feature vector of the
candidate fragment is obtained according to vector β∗ in formula 5. The
mean square error (MSE) Murphy (1988) is used to measure the overall255

error between the predicted feature vector and the edge pixel feature vector
to be matched. The compatibility score between the matching fragment and
each candidate matching fragment is obtained.

Step 5: The candidate sets in Step4 are sorted by pairwise compatibility
measurement score. The candidate fragments with the smallest candidate260

concentration errors are selected as the best match.
After these five steps, the best candidate matching and corresponding

candidate set of each scrap can be quickly obtained, and the computer com-
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pletes these processes automatically.

2.4. Semi-automatic greedy reconstruction265

2.4.1. Greedy reconstruction

The pairing compatibility metric in Section 2.3 is used to construct the
candidate neighbor set corresponding to each fragment. Considering that
the relationship between pairing information is independent of each frag-
ment, to completely reconstruct the document, all the pairing information270

must be combined. However, due to potential errors in pairing, it is not
possible to directly reconstruct the document, and it is necessary to adjust
the wrong pairings constantly. Previous methods required a manual search
to complete the error-matching correction process, but this was an inefficient
approach. We are inspired by the puzzle algorithm proposed by Paikin & Tal275

(2015). The process of constructing the pairing information and marking the
incorrect matches is repeated until no error matches exist. The algorithm
proposed in this paper has high matching accuracy, so only a small amount
of work is needed to refine it. Reconstruction based on the greedy strategy
happens through the following steps:280

Step 1: Start by randomly selecting a pair from the pairwise set, and
combine the pairs that can be matched according to the pairwise informa-
tion. Step 2: Repeat step 1 until all spliced sequences in the collection are
unchanged.

Step 3: According to the splicing result of Step 2, the error pair is man-285

ually marked. Go to step two until there are no errors in the results.
Through these three steps, the rows of the document are completely re-

constructed. The splicing between rows is relatively easy. Because the inter-
row splicing conforms to the characteristics of the RSSTD problem, it can
be transformed into a RSSTD problem for reconstruction.290

2.4.2. Feedback-based splicing

In the process of automatic splicing, due to some unpredictable factors
(See Fig. 2) the pairwise compatibility measurement cannot match all frag-
ments to true neighbors. In the classical algorithms, it is necessary to man-
ually adjust the mismatched fragments after the computer splicing is com-295

pleted. In order to reduce the cost of manual splicing, we construct a can-
didate set of neighbors for each fragment, and in the case of a match error,
use it to assist in manual correction. Because the number of mismatched
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Row reconstruction (Finish)

Greedy reconstruction

Pairwise Matching

Error pairing feedback

Loop reconstruction

Figure 6: Schematic diagram of reconstruction process

pairs is small, it is easy to mark all the mismatched pairs with negative feed-
back. In each round of splicing, the splicing results are fed back through300

the GUI. After feedback, the correct splicing and the wrong splicing can be
distinguished. When the matching fragments are true neighbors, the stitched
neighbor fragments will not be matched by other fragments again, and can
be removed from the candidate set, which results in a narrowing of the can-
didate set of mismatches or the replacement of matched fragments by new305

candidates. The entire splicing process is shown in Fig. 6.

3. Experiments

3.1. Test dataset and experimental environment

In order to eliminate the influence of some unpredictable factors on the
feasibility of the algorithm and the accuracy of the splicing test, a feasible310

approach is to analyze the performance of the algorithm using a computer
simulated dataset (Xu et al. (2014); Gong et al. (2016); Chen et al. (2019)).

In the experiment, we used an open source dataset2 that included refac-
toring of six documents. In addition, a more complex and comprehensive
dataset containing 70 test documents was created by digitally simulating the315

2China Undergraduate Mathematical Contest in Modelling (2013) CUMCM-2013 con-
test problems
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Table 1: Test dataset classification

Data number Size of the picture Scale Dataset characteristics
D1 —— D3 72 × 1980px 1 × 19 Open source dataset of SSTD
D4 —— D7 72 × 180px 11 × 19 Open source dataset of CCSTD
D8 —— D19 204 × 330px 6 × 6 CCSTD in Chinese and English
D20 —— D31 136 × 220px 9 × 9 CCSTD in Chinese and English
D32 —— D43 68 × 330px 6 × 18 CCSTD in Chinese and English
D44 —— D55 68 × 220px 9 × 18 CCSTD in Chinese and English
D56 —— D67 68 × 180px 11 × 18 CCSTD in Chinese and English
D68 —— D72 72 × 180px 11 × 18 CCSTD containing images and text
D73 —— D78 72 × 180px 10 × 16 Image document of CCSTD

shredder cutting process. We noticed that the dataset used by Gong et al.
(2016) contained a large number of blank fragments. In order to better reflect
the performance of the algorithm and ensure the accuracy of experimental
data, our dataset did not contain blank fragments. All of the algorithms were
implemented in Python, and the tests were performed on a Core i7 6700k320

CPU with 8GB RAM. The characteristics of all datasets are summarized in
Table 1:

3.2. Comparison and analysis of reconstruction accuracy

3.2.1. Evaluation method

In order to compare the accuracy of paired matches, a comprehensive eval-
uation strategy is required. There are two methods to evaluate the splicing
progress of RCCSTD problems. The first method is based on the number of
fragments in the wrong position, and the second method is based on the num-
ber of wrong splicing pairs. This paper uses the second method to evaluate
the accuracy of reconstruction. In all paired matches, the wrongly matched
pairs are counted, and the proportion of the number of wrong matches repre-
sents the splicing accuracy. In the experimental comparison, we defined the
calculation formula of the splicing accuracy as follows:

accuracy = 1−

∑n

i=1 pi

n
, (10)

where n is the number of fragments; piis defined as follows:325

{
pi = 1 if the ith scrap is matched to the error neighbor,
pi = 0 otherwise.

(11)
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3.2.2. Pairwise accuracy comparison

In the experiment, the two-step strategy algorithm Chen et al. (2019)
and a splicing-driven memetic algorithm (SD-MA) Gong et al. (2016) are
compared. In addition, the conventional algorithm sum of squared distances
(SSD) was added as a comparison to analyze the effectiveness of the algo-330

rithm, and the accuracy of the proposed algorithm without IE preprocessing
was used to evaluate the impact of the IE operation on pairing. Consider-
ing the lack of literature reference in RCCSTD problem of the same type of
machine learning algorithm, the RCCSTD problem was defined as a binary
classification problem, and BP neural network algorithms (Rumelhart et al.335

(1986)) were used to try to solve it. The datasets were grouped according
to the scale of fragments in the dataset and the source of the dataset, and
20 datasets were randomly selected from each type of dataset in Table 1 for
testing and comparison. Due to the instability of the evolutionary algorithm
and the difference in the results of multiple runs, the process of solving the340

TSP is to run 20 times to get the best result. The visual display of the test
results of these 20 datasets is shown in Table 2.

Table 2: Comparison of matching accuracy of several algorithms on datasets

Datasets N two-step strategy algorithm SD-GA SSD BP Proposed Proposed without IE

D1 19 100.0% = 100.0% = 21.05% - 82.35% - 100.0% 100.0% =
D2 19 100.0% = 100.0% = 13.23% - 79.41% - 100.0% 100.0% =
D3 19 100.0% = 100.0% = 15.49% - 80.88% - 100.0% 100.0% =
D4 209 64.59% - 53.3% - 33.49% - 66.98% - 95.22% 87.55% -
D5 209 64.59% - 48.00% - 18.66% - 67.94% - 93.3% 89.5% -
D6 209 49.76% - 47.80% - 22.00% - 68.42% - 89.5% 88.5% -
D7 209 63.64% - 62.20% - 17.22% - 69.86% - 93.3% 89.5% -
D8 36 100% + 97.2% + 77.0% - 75.00% - 94.4% 88.9% -
D9 36 93.83% - 88.89% - 72.22% - 66.67% - 94.4% 88.9% -
D13 36 100.0% = 100.0% = 41.7% - 72.22% - 100% 100.0% =
D14 36 100% + 94.4% - 41.7% - 80.56% - 94.4% 97.2% +
D20 81 50.6% - 87.6% - 56.8% - 67.90% - 91.4% 87.7% -
D21 81 95.0% + 83.9% - 48.1% - 71.60% - 92.6% 79.0% -
D25 81 91.4% + 81.0% - 38.3% - 76.54% - 87.7% 84.0% -
D26 81 80.2% - 75.3% - 38.3% - 67.90% - 86.4% 85.1% -
D32 108 76.0% - 59.3% - 63.0% - 65.43% - 97.2% 94.4% -
D37 108 97.2% + 55.6% - 26.9% - 70.37% - 93.5% 92.6% -
D44 108 80.2% - 71.2% - 62.3% - 63.58% - 94.4% 91.3% -
D49 108 96.2% + 54.3% - 37.0% - 62.34% - 87.7% 85.2% -
D56 198 48.5% - 48.5% - 65.2% - 59.60% - 92.9% 90.4% -
D61 198 85.4% - 45.5% - 39.8% - 74.75% - 87.3% 82.8% -

In order to understand the statistical difference between the algorithms,
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the two-sample t-statistic test Keselman et al. (2004) was carried out to
indicate significance between different results at the 0.05 significance level.345

As reported in Table 2, the significance of the test results is represented in
a “/=/+” manner, where “+”, “–”, and “=” indicate that the results of the
compared algorithms are significantly better than, worse than, or similar to
that of the proposed algorithm, respectively. In addition, the best metric
values are highlighted in gray.350

The results show that the clustering algorithm can only ensure high accu-
racy when the number of text rows in the fragment is large. Furthemore, the
matching effect is not ideal when the document is cut into smaller fragments.
As for the SD-GA based on two-dimensional TSP search (Gong et al. (2016)),
SD-GA can only ensure the recovery of large pieces of document, it is not355

even as good as conventional SSD algorithms on dataset D56. When the
pieces of the document become smaller and more fragmented, the accumu-
lation of splicing errors will increase the number of global errors and reduce
the splicing accuracy rapidly. In the case of documents being cut into smaller
pieces, our approach achieved satisfactory matching accuracy, especially on360

open source datasets D4 to D7. One of the reasons for this is that by prepro-
cessing fragments and making full use of the limited pixel information of the
fragments, errors that occurred in some special cases were corrected to some
extent. As can be seen from Table 2, the pairing accuracy of the algorithm
was improved after the use of the IE strategy. Another important element is365

the pairing-compatibility measurement model based on the extreme learning
machine algorithm. A system with expert knowledge can be obtained by
using consensus information of matched fragments for supervised learning,
which can improve the matching accuracy while reducing the over-sensitivity
to edge pixel. The original documents relating to datasets 5 and 6 are shown370

in Fig. 7.

3.3. Comprehensive dataset testing

RCCSTD based on clustering can only reconstruct special text docu-
ments, which are required to have obvious row features (Fig. 9). For doc-
ument fragments without row feature pairs, the clustering accuracy will de-375

teriorate rapidly. Our algorithm does not depend on a specific text format,
so it can be applied to all types of documents. In our experiment, we added
some special test sets, including a text with both text and a picture, and
pure picture text. Satisfactory results were obtained. As shown in Table
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(a) (b)

Figure 7: The reconstruction results for dataset 4 (a) and dataset 5 (b)

Table 3: Accuracy of paper fragments containing images

test data D67 D69 D70 D71 D73 D75 D76
accuracy 91.4% 92.9% 95.9% 92.9% 98.1% 96.2% 95.6%

3, algorithm achieve high splicing accuracy on all complex datasets, indi-380

cating that the algorithm can be applied to various complex datasets. The
reconstruction results for dataset 75 are shown in Fig. 8.

3.4. Analysis of candidate set strategy effectiveness

In order to improve the splicing efficiency and recover all the pieces of
paper completely, we adopted the method of candidate neighbors in the semi-385

automatic splicing process, provided the negative feedback of wrong splicing
manually, and conducted secondary screening to achieve the purpose of cor-
rect splicing. The effectiveness of the candidate set is reflected in the reduc-
tion of the number of manual interventions and improvement in the efficiency
of auxiliary manual splicing. The expected result is that no manual inter-390

vention is needed, but as described in Section 1, it is extremely difficult to
achieve automatic and accurate splicing for relatively fragmented text. The
current algorithm can only improve the splicing accuracy to improve effi-
ciency. The analysis of the number of corrections of the candidate sets is
shown in Table 4. Even if the splicing had an error, with a limited amount of395

manual feedback, all fragments could be correctly matched, demonstrating
the method is feasible and effective.
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Figure 8: The result of a document containing text and images

3.5. Simulate noise in real environment

The simulation data represent, to a large extent, the ideal test environ-
ment. In practical problems, there may be many unpredictable factors, such400

as scanner accuracy or shredder cutting leading to irregular edges, resulting
in uncontrollable interference. Even with image denoising, it is difficult to
eliminate all external interference. Both the performance of the scanner and
the image preprocessing algorithm may affect the accuracy of the splicing.
The image preprocessing algorithm is not the focus of this paper, so we will405

not discuss it. According to the edge feature information of the shredded

Table 4: Influence of feedback on splicing accuracy

dataset D3 D4 D5 D6
Accuracy without feedback 95.2% 93.3% 89.4% 93.3%
Mark the number of incorrect pairs 10 14 22 14
Accuracy after feedback 98.08% 100% 99.04% 99.5%
dataset D36 D37 D48 D49
Accuracy without feedback 93.5% 92.5 87.6% 85.1%
Mark the number of incorrect pairs 7 8 20 24
Accuracy after feedback 100% 98.1% 98.1% 96.2%
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(a) (b)

Figure 9: Edge information with row features (a) and edge information without edge
features (b)

paper under real conditions, we find that Gaussian noise can be used to re-
place various complex situations in the actual scene, so we use the method
of adding Gaussian noise to test the robustness of the algorithm (Fig. 10).
Because the pixel information of the whole scrap paper is used, it is not fea-410

sible to simply add edge noise points. Gaussian noise points should be added
to the whole picture.

(a) (b)

Figure 10: Comparison chart of text information with (a) and without noise (b).

In the experiment, the intensity of noise is controlled to simulate various
complex scenes. For data with different interference levels, Gaussian noise
with different variances is added to the picture in the experiment, and the415
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Table 5: Accuracy under different levels of noise

variance 0.001 0.002 0.004 0.006 0.008 0.01 0.1
D3 93.7% 92.8% 92.3% 88.9% 88.0% 85.6% 77.5%
D4 91.3% 90.4% 83.7% 85.1% 79.9% 81.3% 66.0%
D5 88.5% 88.9% 87.5% 86.6% 82.7% 80.8% 64.1%
D6 91.8% 90.9% 88.9% 84.2% 79.4% 76.0% 65.0%

useful pixel information for pairing also decreases as the noise increases.
As shown in Table 5, if the noise cleaning of the image is not performed,
the splicing accuracy decreases as the noise level increases. However, our
algorithm still maintains high splicing accuracy. To some extent, this can
reflect the strong anti-interference ability of the algorithm, which means that420

the algorithm can be used as an expert system in the actual production
environment.

4. Conclusion and future work

In this paper, we have proposed a pairing compatibility measurement
model based on the extreme learning machine algorithm and used the im-425

proved consensus information to obtain the pairing compatibility of the frag-
ments in the RCCSTD problem. To completely reconstruct the document,
all the pairing information was combined by greedy reconstruction, and er-
ror corrections were applied by manually marking incorrectly matched pairs.
The complete restoration of all the fragments was realized with a limited430

amount of intervention. Satisfactory results were obtained in 78 RCCSTD
instances with different languages and formats in the experiment.

In future work, we will determine how to obtain higher compatibility
discrimination through neural networks. Although the method proposed in
this paper achieved the best performance on all datasets, some datasets still435

needed manual intervention. By establishing a global relational network of
fragments, and considering the adhesion and mutual exclusion between frag-
ments, automatic correction of partial errors can be performed. In addition,
the introduction of convolution kernels to extract the correct edge matching
features is another future research direction. The method of capturing poten-440

tial connections through consensus information between two objects in the
RCCSTD problem can also be applied to other fields, such as video splicing,
panoramic image synthesis, and informatics. The RCCSTD problem needs
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to be further deepened to promote the use of the more robust and efficient
RCCSTD expert system in actual scenarios and scenario expansion.445
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